We estimate the short-run impact of a major flood that hit the region of Veneto in 2010 on firms' performance. Using firm level data and a difference in difference approach we compare the value added growth of hit firms to the one of a control group of companies that are not exposed to the flood. The results indicate that the value added growth of affected firms is 6.9% higher two years after the flood. We further investigate the role of aid transfers in the aftermath of the disaster event. Considering both the flood and the aid treatment, we construct four mutually exclusive and exhaustive groups. The results indicate that, among firms exposed to the flood, both the ones that benefit from financial aid and the ones that don't grow faster than the reference groups of firms that neither are exposed to the flood, nor receive financial aid. We also find a 2% additional growth effect that is attributable to the contribution of aid in the recovery phase.
Introduction
Natural disasters are not a new phenomenon. Human societies have always been hit by calamities such as floods, hurricanes, storms and earthquakes that resulted in human, social, economic and environmental losses. Some recent catastrophes, such as the December 2004 tsunami, hurricane Katrina in 2005 and the earthquake in Haiti in 2010, brought the issue of the human and material costs of these events to the forefront of public attention and fueled a debate about the influence that a warming climate could have on the frequency and intensity of climateand weather-related disasters. In the last years, indeed, the consensus that climate change could be worsening weather and climate extremes has increased. In its 2012 Special Report the Intergovernmental Panel on Climate Change (IPCC) notes that a changing climate leads to changes in the frequency, intensity, spatial extent, duration, and timing of extreme weather and climate events, and can result in unprecedented extreme weather and climate events (Field, Barros, Stocker, & Dahe, 2012, p. 7) . According to the IPCC (Field et al., 2012) floods are the most frequent natural disaster in Europe and data from the International Disaster Database (EM- DAT) 1 show that floods, immediately followed by storms, caused the highest total and average annual damages among the reported natural disasters between 1990 and 2012 in Europe (Fig.1 ). In the recent Climate Change, impacts and vulnerability in Europe 2012 report the European Environmental Agency (EEA, 2012) reports that hydro-meteorological events (storms, floods, and landslides) represent 75% of the natural disasters that occurred in Europe since 1980 and account for 64% of the reported damage costs. The report (EEA, 2012) also analyzes the impact of extremeprecipitations-related disasters on society, environment, agriculture, industry and ecosystem services due to both climatic and non-climatic factors. Taking into account both climate change and socio-economic changes, the EEA calculates the Gross Value Added (GVA) affected by floods for the 'Economy First' 2 scenario and concludes that for many parts of Europe the GVA affected by floods for the 2050s is larger than for the baseline scenario (EEA, 2012, p. 214) . In the last years extreme precipitation events that translated into localized floods have been at the forefront of media and public attention also in Italy. Beyond the human, material and environmental consequences, localized floods are thought to have detrimental effects on the economic fabric of the affected areas, a concern that also motivates aid flows in the aftermath of the disaster. Considering this, the focus of this study is on one major flood that hit the Veneto region in autumn 2010 and it aims to assess the economic impact of such flood on firms' performance up to two years after the event.
Between October 31 st and November 2 nd 2010 Veneto has been hit by one of the most severe extreme weather events in the last 50 years according to the report published by the Regional Environmental Agency and the authorities of the Veneto Region (ARPAV). The event has been characterized by abundance and persistence of the rainfall rather than by intensity, according
1 The EM-DAT database is maintained by the Centre for Research on the Epidemiology of Disasters, based at the Catholic University of Louvain in Belgium.
2 The EEA defines the Economy First as a scenario where a globalised and liberalised economy pushes the use of all available energy sources and an intensification of agriculture where profitable. The adoption of new technologies and water-saving consciousness are low and thus, water use increases. Only water ecosystems providing ecological goods and services for economies are preserved and improved (EEA, 2012, p. 214 to the same report. In total an average of 173mm of rain fell during the period of observation (28/10/2010 -11/11/2010) with peaks of more than 540mm in the Provinces of Belluno, Padova, Treviso and Vicenza. To give an idea of the magnitude of the extreme weather event Fig. 2 below shows the total amount of rainfall measured by each weather station in the region during the 15 days of observation, although severe precipitations have affected the region mainly for three days, from October 31 st to November 2 nd 2010. Fig. 3 shows the maximum intensity of daily precipitation 3 measured by the 193 weather stations compared to the average quantity usually falling on an average rainy day 4 . The graph clearly shows that in some areas of the region the amount of rain that fell on one day during the flood is more than twenty times the quantity that falls on an average rainy day. Both figures indicate the great variability of the quantity of rainfall in different areas of the region and it is evident that while some areas experienced extreme precipitations, others didn't. This feature is also shown in Fig. 4 , which displays the distribution of the precipitations in the region according to the location of the 193 weather stations. The figure shows the quantity of precipitations (in mm) registered by 193 weather stations located in Veneto Region in the observed period (28/10/2010 -11/11/2010) . Each value is a sum over the period. Source: graph made using data from ARPAV.
Figure 3: Maximum precipitations during the flood.
The figure shows the maximum precipitations (in mm) registered by each weather station in one day. The 'mean by weather station' (green line) represents the average quantity of rainfall fallen on a raining day in October and November during the observed period (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) excluding 2010. The value has been calculated by taking an average between October and November for each weather station. The data are available only for 163 stations. The 'overall mean' (red line) represents an average of the quantity of precipitations on a raining day in October and November calculated as an average among 163 weather stations during the observed period excluding 2010. The data are available only for 163 weather stations. The average value has been extended to the remaining 30 stations. Source: graph made using data from ARPAV. A natural question that arises when looking at these figures is whether the flood had a negative impact on the economic activity of firms located in areas that were hit by the flood and if there is any significant difference between these companies and those that haven't been directly exposed to it. Like most of studies and due to data availability the analysis focuses on the short-term effects (up to two years after the event). However, contrary to the majority of studies in the literature on the impact of natural disasters, this analysis uses firm-level data of a panel of 2065 manufacturing companies during the period [2003] [2004] [2005] [2006] [2007] [2008] [2009] [2010] [2011] [2012] . Given the focus on a small area of the country, characterized by firms with similar characteristics and operating in a similar context, the natural approach to perform this analysis is a difference in differences (DID) methodology. Following Leiter, Oberhofer, and Raschky (2009) we also take into account different levels of exposure and vulnerability of capital stock including the assets composition in the estimation. Finally, recognizing that disaster and recovery aid could represent a confounding factor in our analysis, we explicitly control for the presence of financial aid in the aftermath of the flood and distinguish between firms that received aid flows and those that didn't. The results indicate that firms affected by the flood experience faster value added growth two years after the natural disaster, with a growth rate that is 6.9% higher than the one of firms that haven't been directly hit by the flood. We also found a 2% additional growth effect that is attributable to the presence of aid flows.
The paper is organized as follows: Section 1 reviews the existing literature on the economic impact of natural disasters. Section 2 describes the data and the main variables. Section 3 discusses the empirical strategy (model and econometric approach). Section 4 presents the results. The last section concludes.
Literature review
The focus of this literature review is on the economic impacts of natural disasters (in particular weather-related disasters), although it should be noticed that the consequences of natural catastrophes go far beyond the economic losses. Indeed, natural disasters comprise profound human, social, environmental and political consequences whose analysis, however, is beyond the scope of this study. Many scholars distinguish between direct and indirect impacts. The former refer to the physical destruction caused to property and human beings (National Research Council, 1999) . This category includes: damages to homes and their contents, damages to firms' capital and lost production, damages to infrastructure, people killed or injured, environmental degradation and emergency response (Kousky, 2013) . Indirect damages, that some authors prefer to define as higher-order impacts (Rose, 2004) , result from the consequences of physical destruction (National Research Council, 1999) . They include business interruption for those businesses that didn't sustain direct damages, multiplier effects from reductions in demand and supply, adoption of costly measures as well as mortality, injury and environmental degradation (Kousky, 2013) . In practice measuring indirect impacts is difficult. Higher-order losses cannot be readily verified as direct ones and modeling them requires sophisticated economic models. Furthermore their size varies considerably depending on the resiliency of the economy and the path of recovery. Finally caution is required since these effects can be manipulated for political purposes (e.g. inflating multipliers) (Rose, 2004) . These challenges make the majority of scholars opt for another approach: instead of trying to estimate direct and indirect costs, they evaluate the impact of natural disasters on macroeconomic indicators, primarily GDP and GDP growth. Macroeconomic variables are often used as a proxy of both kinds of impacts, relying on the fact that direct and indirect impacts could be large enough to have macroeconomic consequences. There are only few studies in the literature that adopt a microeconomic approach and use disaggregated data. Within the literature on the economic impacts of natural disasters it is also possible to distinguish between studies looking at the short-to medium-term, defined as one to five years post disaster, and studies adopting a long-run perspective, beyond five years, with the bulk of the empirical evidence focusing on the short-run.
Macroeconomic studies
Macroeconomic theory does not have a unique answer to whether and how natural disasters affect economic growth: depending on the theoretical framework, different conclusions can be reached. Neo-classical growth models predict that the (physical and/or human) capital destruction may boost short-term economic growth. Endogenous growth models, instead, lead to different and less clear-cut conclusions: AK growth models with constant returns do not predict any change in the growth rate after a negative capital shock; models based on increasing returns predict that the capital destruction leads to a lower growth rate and within the Schumpeterian creative destruction's framework, negative shocks due to natural calamities may provide opportunities to upgrade obsolete capital and adopt new technologies, thus leading to higher growth. Therefore the question on whether disaster events have positive, negative or no consequences is an empirical one. The majority of macroeconomic studies regresses a macroeconomic variable, primarily GDP and GDP growth, on measures of disaster occurrence and intensity, generally using damages and fatalities as proxies for disaster's magnitude. These studies usually consider the disaster measure as exogenous, an approach that could be undermined by some problems of reverse causation since the impact of a natural disaster could also depend on the economic conditions of a country. For instance, the levels of income and development can determine the magnitude of the impact of natural calamities. Furthermore, political factors could influence macroeconomic conditions as well as the effects of natural disasters and the quality of institutions might shape both economic performances and the consequences of natural calamities. Most studies use data from the EM-DAT database maintained by CRED. This is primarily due to the fact that the dataset is publically available, but it also ensures consistency with respect to the data used and the definition of natural disaster among different studies. Finally, some of these papers adopt a cross-country approach, while others focus on a single country.
Multi-country studies
The bulk of empirical macroeconomic studies adopt a short-run perspective, while only few papers focus explicitly on the long-run effects of natural disasters.
Short-run focus
The first, recent attempt to describe the short-run macroeconomic dynamics following natural disasters is Albala-Bertrand (1993) . Using a sample of 28 disasters in 26 countries between 1960 and 1979 this study estimates the impact of natural calamities on GDP, GDP growth and rate of inflation by means of a simple before-and-after analysis. The results indicate that disasters do not impact GDP and may have a slightly positive impact on GDP growth; no effect is found on the rate of inflation. The author concludes that natural disasters are a problem of development rather than for development. In an unpublished study Caselli and Malhotra (2004) fail to reject the hypothesis that losses of labor and capital stock have no effect on short-term economic growth. Using a dataset of 172 countries for events between 1974 and 1996 they estimate an equation using the difference in the log of output as dependent variable and include several controls and country and year fixed effects. When they include a dummy variable for the occurrence of natural disasters they don't find any significant effect. Rasmussen (2004) , in a statistical comparison among the Eastern Caribbean Currency Unions countries (ECCU), identifies a median reduction of the real GDP growth of 2.2 percentage points in the year of the event. Raddatz (2007) quantifies the impact of a broad set of external shocks (natural disasters, price fluctuations, the role of the international economy) on the output of 40 low-income countries over the period . The author uses a panel vector auto-regression approach and assumes the shocks, including disaster occurrence, are exogenous. He finds that climatic disasters result in a 2% decline in real GDP one year after the event. However, overall external shocks explain only a small fraction of output variance (11%) and climatic disasters are only the third most important source of fluctuation, accounting for 14% of the overall shocks' contribution to GDP variability. Starting from 2009 several multi-country studies were performed to try to shed light on the impact of natural disaster, but no clear-cut evidence has been found. Noy (2009) investigates the reduction of GDP growth rates for a large sample of natural disasters. Using data from the EM-DAT database and a panel of 109 countries observed over the period 1979-2003, the author regresses the GDP growth on disaster magnitude and a set of control variables commonly used in short-run growth literature. Noy uses three measures of disaster impact: number of people killed and affected divided by population size in the year prior to the disaster and direct costs divided by previous years GDP, both weighted by month of occurrence. While he finds no evidence of any correlation between disaster population variables and GDP growth, he obtains strong indication that the amount of property damage is a negative determinant of GDP growth. Distinguishing between levels of economic development he finds that a one standard deviation increase in the direct damages of a natural disaster in a developing country is expected to reduce output growth by 9%. On the contrary, the effect on developed countries (OECD) is statistically significant but, with an increase of less than 1%, its economic importance is marginal. Raddatz (2009) quantifies the macroeconomic impacts of climatic and other disasters in developing countries, using a vector auto-regressive model and under the assumption that the occurrence of natural catastrophes is exogenous. The analysis shows that climatic disasters have a negative and statistically significant impact on real GDP per capita: a large climate related catastrophe is associated with a 0.6% decline in GDP per capita. Most of the cost occurs in the year of the disaster. Disaggregating by climatic disaster type, droughts are found to have the largest impact, with cumulative losses of 1% of GDP per capita. Windstorms and floods, instead, do not have any significant impact. It is also found that the level of economic development influences the impact of natural disasters, with low-income countries responding more strongly. The author extends the analysis to investigate the impact of foreign aid and level of countrys indebtedness and finds that none of them impacts the growth effect of natural disasters. In a recent working paper Cuñado and Ferreira (2011) analyze the economic impact of floods on per capita GDP growth in 118 countries between 1985 and 2008. Unlike the majority of studies, their data are obtained from the Global Archive of Large Flood Events kept by the Dartmouth Flood Observatory instead of from the EM-DAT database. They use a vector auto-regression in the presence of endogenous variables and exogenous shocks and find that floods have a positive effect on GDP growth with a mean impact of 1.5 percentage points. This positive effect is not experienced in the year of the flood, but in the year after the event and peaks two years after it. Their results also indicate that this outcome is mainly driven by developing countries: when the sample is split and separate regressions are run for developed and developing countries, flood have a significant impact only on GDP growth of the latter group. Hochrainer (2009) adopts an approach that differs from most studies in that it compares the actual GDP post-disaster with a counterfactual projection that mimics the evolution of the GDP in a without disaster scenario. The sample consists of 225 large natural disasters 5 between 1960 and 2005 and is based on information from two databases: EM-DAT and NatCatSERVICE 6 .
Using an autoregressive moving average model to forecast GDP into a hypothetical no-disaster future, Hochrainer finds that disasters are expected to entail negative follow-on consequences in the short-to medium-term, with a median reduction of 4 percentage points below baseline GDP five years after the event. The author also finds that capital stock losses are the most important predictor for the negative adverse macroeconomic consequences. Using a synthetic control method and data from EM-DAT database, a recent working paper from the Inter-American Developing Bank finds that even extremely large disasters have no discernible impact on economic growth, both in the short and long run (Cavallo, Galiani, Noy, & Pantano, 2010) .
Long-run focus In one of the first empirical analyses to evaluate the long-run effects of natural disasters, Skidmore and Toya (2002) find a positive relationship among disasters, capital accumulation, total factor productivity and economic growth. They use a cross-section of 89 countries coupled with data on natural disasters occurred between 1960 and 1990. Using an ordinary least squares procedure they regress GDP growth on measures of disasters and a set of controls typically considered important determinants of growth. Their results indicate that climatic calamities have significant and positive effects on growth. Then they investigate the determinants of this positive relationship and find that natural disasters have a negative, but not statistically significant impact on physical capital investment, while climate-extremes-variables are significant and positively correlated with human capital accumulation. The authors also find an increase in total factor productivity after climatic disasters, which they interpret as some evidence that disasters provide opportunities to update the capital stock and adopt new technologies (Schumpeterian creative destruction). Furthermore, total factor productivity appears to be the primary route through which disasters affect growth. Crespo Cuaresma, Hlouskova, and Obersteiner (2008) directly explore the idea of some type of Schumpeter's creative destruction by assessing the relationship between foreign technology absorption and catastrophic events. Focusing on a sample of 49 developing countries, which are assumed to have more obsolete capital stock, they estimate both a cross-section and a panel regression and conclude that natural disasters negatively affect technology absorption. Only relatively rich countries benefit from capital upgrading and thus may experience higher long-run growth rates of GDP per capita after a disaster.
Single-country studies
In general single-country studies adopt the same methodology as cross-country studies, but have a smaller unit of analysis and sometimes focus only on one type of disaster. Usually they have a short-run focus. Among single-country studies Noy and Vu (2010) examine the impact of natural disasters on annual output growth in Vietnam. They use a provincial panel dataset for Vietnam; data on natural disasters are taken from the EM-DAT dataset for the period 1953-2008. They employ a Blundell-Bond System General Method of Moments procedure and three different measures of disaster impact: number of people killed and affected and amount of direct damages 7 . The results indicate that more lethal calamities, in terms of fatalities and lives affected, are associated with lower annual output but the impact of material losses on output is positive, though not statistically significant. When the focus is on output growth the authors find that higher direct damages lead to higher annual output growth: for one percentage point increase in direct damage (% output) there is an increase of output growth by 0.03%. This suggests that the possible negative economic effects are short-lived. Results indicate that more costly disasters (in terms of destroyed capital) seem to boost the economy in the short-run, which the authors interpret as evidence of the creative destruction hypothesis. Hammes and Vu (2010) undertake a similar analysis. They investigate the consequences of natural catastrophes on annual output and output growth over the period 1995 to 2007 in China.
Their results indicate that both fatalities and the amount of direct damages reduce output: a 1% increase in the ratio of people killed to population is associated with a fall in output of 47 billion Yuan and a 1% rise in direct damages decreases output by 3.27 million Yuan. The number of people affected has no significant impact. With respect to output growth, the authors find that the impact of direct damages' amount is positive and significant, leading to a fall of output growth of 0.235%. Nevertheless, the number of people killed or affected has no statistically significant effect on growth.
Focusing on a developed country Strobl (2010) estimates the impact of hurricanes on county growth rates in the United States between 1970 and 2005. He assumes a standard neoclassical growth model, where a hurricane strike is considered as a negative shock to the capital stock and he develops a hurricane destruction index based on a monetary loss equation, wind speed and local exposure characteristics to employ as a proxy of disaster's severity. Based on county fixed effects and a spatial autoregressive error term, the econometric estimate indicates that a county's annual growth rate falls on average of 0.45 percentage points after a hurricane of average intensity. The author also shows that about 28% of the negative growth effects are due to relatively rich people moving away from affected counties. A hurricane destruction of one standard deviation above the average reduces the growth rate by 0.93 percentage points. These results are quite large given that the county growth rate is around 1.68%. The impact is found to disappear after one year. In a recent Bank of Italy working paper Barone and Mocetti (2014) examine the impact of two earthquakes that occurred in Italy in 1976 and 1980, focusing on both the long-and shortterm. Using a synthetic control method, the authors compare the GDP per capita after the earthquake in each stricken area (Friuli Venezia Giulia and Irpinia) to the one of a synthetic control group of Regions. In the short-term the results indicate no significant effects of the earthquake in both areas. However, this is shown to mainly depend on the financial aid in the aftermath of the disaster. Estimation of the yearly GDP growth in the absence of financial aid indicates that the growth would have been lower in both areas (between 0.5 and 0.9 percentage points in Friuli and between 1.3 and 2.2 percentage points in Irpinia). Also GDP per capita would have been lower. In the long-term the authors find that the two earthquakes had opposite effects: positive in Friuli and negative in Irpinia. In Friuli, 20 years after the event, the GDP per capita growth was 23% higher than in the control group, while in Irpinia GDP 7 All these disaster measures are normalized and weighted for month of occurrence as in Noy (2009) .
growth dropped by 12%. The authors also find that this outcome is mainly due to differences in institutional quality between the two affected areas.
Sector-specific studies
There is a group of recent papers that recognize the necessity of a disaggregation among economic sectors and disaster types in order to assess the economic impacts of natural calamities, claiming that this can also be a way to reconcile apparently contradictory findings in the current empirical literature. More precisely, different natural disasters affect different sectors of the economy through different channels and thus their effects are likely to differ according to the type of disaster and across sectors, countries as well as level of development. In a World Bank working paper Loayza, Olaberra, Rigolini, and Christiaensen (2009) estimate the effects of different natural disasters (droughts, floods, storms and earthquakes) separately by economic sector (agriculture, industry and services) and take into account levels of economic development. They use a sample of 94 developed and developing countries over the period . The data on natural disaster are obtained from the EM-DAT dataset. Their results indicate that severe disasters never increase growth, but events of lesser magnitude can have positive effects in some sectors. Another finding is that growth in developing countries is more sensitive to natural disaster, more sectors are affected and the magnitude of such impacts is larger, both when positive and negative impacts are found. Disaggregation by disaster type shows that different calamities affect economic sectors differently: drought and storms have a negative impact on agriculture, whereas floods have the opposite effect. There is no significant effect on the industrial sector and only floods have a positive and significant impact on services. When the analysis is restricted to developing countries, all economic sectors are affected.
The authors estimate that a typical drought in developing countries reduces agricultural and industrial annual growth rate by 1 percentage point, producing a 0.6 percentage points decline of GDP growth. A typical flood increases growth in all sectors by 0.8-0.9 percentage points, leading to an increase of GDP growth of 1 percentage point. A more recent but similar analysis by Fomby, Ikeda, and Loayza (2013) obtains many of the findings of Loayza et al. (2009) . The paper estimates the mean response of GDP per capita growth and its main components, agricultural and non agricultural per capita value-added growth, to four types of natural disasters: droughts, floods, earthquakes and storms. The sample consists of 84 countries observed over the period 1960 to 2007. Data on natural disasters are obtained as usual from the EM-DAT dataset and are used to develop a measure of disaster intensity based on the percentage of people killed and affected. As in Loayza et al. (2009) the effect of each calamity is estimated separately, also distinguishing between levels of economic development. Climatic disasters have the largest and most significant effects. In developing countries droughts negatively affect GDP growth, resulting in a cumulative response of 2 percentage points. This impact is stronger when only the agricultural sector is considered. In the sample of advanced economies the negative response only applies to agricultural growth. In contrast to droughts, floods tend to have positive impacts. In developing countries both GDP growth and agricultural and non-agricultural value-added growth experience a positive response. In developed countries floods significantly affect only agricultural growth, generating a cumulative positive response of 2 percentage points. The authors also find that the timing of the response varies with both the type of disaster and the sector of economic activity. However, a general pattern can be identified, with the response of non-agricultural sector occurring after a climatic disaster has affected agricultural growth. Finally, the study confirms that only disasters of moderate intensity can be beneficial and that the effects, both positive and negative, are stronger on developing countries. Cuñado and Ferreira (2011) , discussed above, also estimate the impact of natural disasters distinguishing between agriculture and non-agricultural output growth and providing separated estimates for developed and developing countries. Their findings indicate a positive impact of floods on all the subcomponents of GDP for the entire sample of countries. When developing countries are analyzed separately, the authors find a positive and significant increase in both agricultural and non-agricultural output growth. The cumulative mean impact of a flood shock is 2.2 and 3 percentage points on agriculture and non-agriculture growth respectively. For the sample of advanced economies, floods have a significant and positive impact only on the agricultural sector, which experiences a mean cumulative increase of output growth of 1.2 percentage points.
Microeconomic studies
There are only few studies in the literature that adopt a microeconomic approach. The methodology used in these studies is a difference in difference strategy, in which similar units of analysis are compared after a natural calamity has occurred and differences arising in the aftermath of the event are attributed to the effect of the natural disasters on the treated units. In a recent working paper Anttila-Hughes and Hsiang (2011) measure the post-disaster economic and health effect of typhoons on Filipino households 8 . This paper makes use of disaggregated data, combining province-level data on storm incidence with household survey data. Using a difference-in-difference approach that exploits random variation in each location's typhoon incidence and including province and year fixed effects, the authors find that typhoons reduce average income (net of transfers) the year after they strike. The average short-run effect, considering the average annual typhoon exposure, is to depress income by 6.7%. The authors also find that income losses translate one-for-one into a reduction of household expenditures, with the average household cutting its spending by 7.1%. Furthermore this reduction affects mainly human capital investment and much less pure consumption goods. Leiter et al. (2009) focus on firms' performance instead. The authors examine the impact of floods on capital accumulation, employment and productivity for a sample of European manufacturing firms up to two years after the event. They use firm level data, which allow them to take the firms asset structure and their degree of vulnerability into account. Using a difference in difference approach they find that companies located in regions affected by a major flood in 2000 experience on average higher growth of total assets and employment than firms in unaffected regions. On the contrary the effect on productivity is negative. They also find that the assets' structure influences the response to the flood. The positive effect on input factors prevails for companies with larger shares of intangible assets, whereas the negative effect on productivity is decreasing in the share of intangible assets.
The empirical literature on the impact of natural disasters is vast. Nevertheless, it remains unclear about their effects: some studies do not report any significant effect, others indicate negative impacts and some find positive effects. The review also showed that the majority of studies adopt a macroeconomic approach, while only few papers use disaggregated data. This research paper contributes to the literature in that it tries to estimate the effects of a major flood that occurred in the region of Veneto in 2010 using a microeconomic approach. In particular it looks at the impact of the natural disaster on firms value added growth using firm level data coupled with data on quantity and intensity of precipitations. Through a difference in differences methodology this study compares similar firms in the same region that differ only because of their random exposure to the flood, attributing to the inundation possible differences in performance in the aftermath of the event.
Data and descriptive statistics
In order to investigate the response of Veneto region firms to the 2010 flood, we use data on firms' performance coupled with data on the extreme weather event.
Data on the natural disasters are obtained from the Centre of Research on the Epidemiology of Disasters (CRED) in Brussels and from the Agenzia Regionale per la Prevenzione e Protezione ambientale del Veneto (ARPAV), the regional Environmental Agency. Much of the literature on natural disasters relies on the publically accessible Emergency Events Database (EM-DAT) maintained by the Centre for Research on the Epidemiology of Disasters (CRED) 9 . EM-DAT is an international database and it includes events that fit at least one of the following criteria: 10 or more fatalities, 100 or more people affected, declaration of a state of emergency or a call for international assistance. This database has been used to investigate the natural disasters that occurred in Italy in the decade for which data on firms are available (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) and to be consistent with the definition of disaster commonly used in the literature. Several floods affected the country during the observed time period; Veneto has been chosen because it allows to analyze firms' response for at least two years after the flood and because detailed data are available for this disaster event.
High quality information about the 2010 flood is provided by ARPAV. The Regional Environmental Agency released detailed data on the amount and the intensity of the rainfall measured by 193 weather stations positioned in the regional territory in the period from 28/10/2010 to 11/11/2010. In addition to this, the database maintained by ARPAV contains information about the geographical location (latitude and longitude) of each weather station and historical data on average monthly precipitations. The richness and the precision of the meteorological data are crucial to distinguish between flooded and non-flooded areas. Data on firms are provided by the AIDA database. The database is distributed by the Bureau Van Dijk and covers 1 million companies in Italy. It contains detailed accounts, company financials with up to 10 years of history, trade description (industry classification), contact information, geographic location (latitude and longitude) and information about companies' organizational structure. From this database we selected data on performance for the manufacturing firms located in Veneto. The dataset obtained for the empirical analysis is a panel of 2084 companies observed over a period of 10 years, from 2003 to 2012. The AIDA and ARPAV databases are merged using the information about the geographic location of firms and weather stations. More precisely, using latitude and longitude, each firm in the sample is matched to the nearest weather station among the 193 positioned in the region 10 .
The average and the median distance between each firm in the sample and the matched weather station are 4.17km and 2.16km respectively, while the minimum and the maximum distance are 0.13km and 12.60km. This allows to determine the quantity of precipitation received by each firm during the observed period (28/10/2010 -11/11/2010) with a high degree of precision. Furthermore, this information is crucial to define the treatment and the control group, using a more objective criterion than the amount of reported losses or government reimbursements. Table 1 reports mean, median, standard deviation, minimum and maximum precipitations for each of the 15 observed days, for the cumulative and for the maximum daily intensity. The Notes: Precipitations are measured in mm. Precipit. (flood days) indicates the total quantity of rain fallen during the three flooding days (October 31 st -November 2 nd ). Maximum daily precipitation measures the intensity of precipitation on a daily basis. It is calculated as the total quantity of rainfall fallen on the day when it rained most.
Precipitations
table shows that the extreme precipitations have been concentrated during three days, from October 31 st to November 2 nd . The increase in the quantity of rainfall during these days is enough to lead to a considerable rise in the mean and median precipitations. The increase in the variability of rainfall during the flooding days can also be noticed, suggesting that only some areas have been hit by the flood. Notes: Precipitations are measured in mm. Maximum daily precipitation measures the intensity of precipitation on a daily basis. It is calculated as the total quantity of rainfall fallen on the day when it rained most.
where it rained most. However, the large standard deviations in these provinces indicate that extreme precipitations didn't strike homogeneously, suggesting that only some areas have been severely affected. The large variability of precipitations both between and within provinces in the region suggests that there is scope for an analysis of the floods effects in the affected areas and indicates a difference in difference methodology as the most natural approach. Table 3 shows the number of manufacturing firms located in each province of Veneto. Vicenza and Treviso have the highest concentration of firms, with 54.3% of the regional firms located in these two provinces. Table 4 displays the number of firms located in flooded and non-flooded areas. Slightly more than 25% of firms in the region operate in areas that have been exposed to the flood, according to the criterion used to distinguish between flooded and non-flooded areas 11 . Table 5 reports the number of affected and non-affected firms within each province. Vicenza and Treviso are the areas where the highest number of companies has been exposed to the event; here the flood has directly hit 3500 and 1135 companies respectively, corresponding to 60.51% and 22.3% of the provinces' firms. Moreover, as Table 3 shows, with 28.9% and 25.4% respectively, these provinces have the highest concentration of manufacturing firms. On the contrary, in the Belluno province the flood has affected the majority of firms, with 73.6% of firms located in flooded areas, but only 2.6% of the regional firms are in this province. Table 6 shows the number of observations in the sample before and after the flood. Table 7 displays the number of observations in the treatment and in the control group before and after the natural disaster. Notes: for the variable Treatment/Period the first number refers to the treatment or control group, the second one to the time period before or after the flood: 0/0 denotes an observation belonging to the control group before the flood; 0/1 indicates to an observation in the same group after the event; 1/0 is an observation belonging to the treatment group before the flood; 1/1 refers to an observation in the same group after the flood. Table 8 reports mean, median, standard deviation, minimum and maximum of the main variables, distinguishing between the groups of affected and non-affected firms and between the period before and after the disaster event.
Firms

Main variables
Considering the pre-flood period, firms located in the non-flooded areas are on average slightly larger both in terms of total assets 12 and in terms of employees. However, the median firms in the two groups are more similar to each other with respect to both variables. Looking more specifically at the productive assets, Table 8 shows that before the event the sum of tangible 13 and intangible 14 assets (Assets) is on average slightly larger for the control group, although this small difference disappears considering the median assets. In terms of tangible fixed asset the average firm operating in a non-flooded area is slightly larger. On the contrary intangible assets are on average higher for affected firms. However, in both cases the difference is negligible when looking at a company with median characteristics. The share of intangible assets, calculated as the ratio between intangible fixed assets and the sum of tangible and intangible fixed assets, is similar in both groups, both in average and median terms. Summary statistics of value added indicate that companies in areas hit by the flood are slightly more productive on average, although the difference shrinks when the median productivity is considered. In terms of value added per employee firms in non-flooded areas have better performances on average but the difference is very small. The median values are slightly larger for 12 Total assets are given by total receivables due to shareholders, total fixed assets (total tangible fixed assets, total intangible fixed assets and total financial fixed assets), total current assets (total inventories, total receivables, total financial assets and total liquid funds) and total accrued income and prepaid expenses.
13 Tangible fixed assets comprise: land and buildings; plant and machinery; industrial and commercial equipment; other assets; addition in progress and advances and depreciation provision.
14 Intangible fixed assets comprise: start-up and expansion costs; research and development expenses; industrial patents and intellectual property rights; concessions, licenses, trademarks and similar rights; goodwill; additions in progress and advances; others and amortization provisions.
non-affected companies. Inspection of maximum values of total assets, assets and value added also shows that there are Notes: Value added, value added per employee, total assets, assets, tangible fixed assets and intangible fixed assets are measured in thousands of Euro. Total assets are given by total receivables due to shareholders, total fixed assets (total tangible fixed assets, total intangible fixed assets and total financial fixed assets), total current assets (total inventories, total receivables, total financial assets and total liquid funds) and total accrued income and prepaid expenses. The variable Assets is the sum of tangible and intangible fixed assets. The share on intangible assets (SIA) is the ratio between total intangible fixed assets and Assets. Treatment/Period is defined as follows: the first number refers to the treatment or control group, the second one to the time period before or after the flood. 0/0 denotes an observation belonging to the control group before the flood; 0/1 indicates to an observation in the same group after the event; 1/0 is an observation belonging to the treatment group before the flood; 1/1 refers to an observation in the same group after the flood.
some very large companies in the sample, especially in the group of non-affected firms. The summary statistics discussed above show that treated and non-treated firms have similar assets and performance characteristics in the period before the event and thus the flood treatment can be considered as randomly assigned to companies.
Comparing the pre-and-post-flood period, Table 8 shows that value added and value added per employee are on average lower after the flood, both for affected and non-affected firms. The same is true when median values are considered. The average firm reduced its number of employees in the post-flood period in both groups of companies. In median terms, instead, the number of employees decreases only for non-treated companies while it stays constant for affected firms. A very slight decrease can also be noticed in the share of intangible assets in both groups. Unlike the former variables, total assets, assets and tangible fixed assets show a different pattern when comparing pre-and-post-flood period: for both groups of companies and both in average and median terms, total assets are higher after the flood than before. Intangible assets, instead, are lower after the flood, both for the treated and the control group. To further investigate the average differences between affected and non-affected firms before and after the occurrence of the flood, a mean difference test has been performed for the main Notes: Value added (VA), value added per employee (VAempl), total assets (TA), assets (Assets), tangible fixed assets (TtangFA) and intangible fixed assets (TintFA) are measured in thousands of Euro. Total assets are given by total receivables due to shareholders, total fixed assets (total tangible fixed assets, total intangible fixed assets and total financial fixed assets), total current assets (total inventories, total receivables, total financial assets and total liquid funds) and total accrued income and prepaid expenses. The variable Assets is the sum of tangible and intangible fixed assets. The share on intangible assets (SIA) is the ratio between total intangible fixed assets and Assets. From left to right, column titles denote mean difference, two-sided p value, lower one-sided p value, upper one-sided p value, mean in control and mean in treatment group. In this table two variables. In order to have a balanced comparison, the same number of years has been considered for the pre-and post-period 15 . Results are reported in Table 9 . Before the flood no significant differences can be identified between firms exposed to the flood and the control group of companies in the region. The only exception is the number of employees, for which there is a 6% significant difference between the mean values in the two groups of firms. This difference remains, with a stronger significance, in the post-flood period. After the flood, value added is on average lower for firms located in affected areas; this difference is significant at a 9% significance level. The tangible assets are also lower on average for the treated group (at 8% significance level). Significant differences in the aftermath of the flood can also be identified in the share of intangible assets, with affected firms having on average a lower share. The mean difference test confirms that before the occurrence of the flood, firms located in flooded and non-flooded areas had similar characteristics, so that the treatment can be considered as randomly assigned to companies. After the flood has occurred some statistically significant differences can be noticed, which gives reasons to perform a more formal analysis on the impact of the flood in the region. The graphs in Figure 5 provide a graphical representation of differences between the treatment and the control group of firms, showing the evolution of input factors and value added for the treated and the control group in the sample period 2003-2012. For each variable both the average and the median values are plotted 16 . The graphical trend analysis shows that the variables considered have similar patterns in the pre-flood period and thus there are no apparent reasons to suspect that some firms have worse or better performances in the aftermath of the event for causes different from the randomness of the flood. This is a further confirmation that firms have been randomly assigned to the flood treatment.
3 Empirical strategy
Estimation procedure
In the empirical analysis we compare the value added growth of companies exposed to the 2010 flood to the one of a control group of unaffected firms up two years after the event. We distinguish between affected and non-affected companies on the basis of their location in flooded and non-flooded areas. The criterion to decide whether an area has been hit by the flood or not is the quantity of rainfall 17 .
The distribution of the precipitation during the observed period and during the three flooding days suggests a cutoff point at around 70% of the distribution when the entire period is considered and at around 75% of the distribution when the analysis is restricted to the proper flooding days (see Fig. 9 and Fig. 4) . A firm is considered as affected by the flood if it is located in an area belonging to the highest 30% of the entire period distribution or to the top 25% of the fooding days distribution. According to the distribution the threshold values corresponding to the 70 th and 75 th percentile are 208.4mm of rainfall fallen during the observed period and 181.6mm fallen during the three flooding days. These threshold values correspond to a quantity of rain which is more than eleven times the amount that falls on an average rainy day 18 , at least one and a half times the median value of the precipitations' distribution for the entire observed period and at least twice the median quantity fallen during the three flooding days in the region. The impact of the 2010 flood on firms' performance is estimated following a difference in differences (DID) approach. Firms located in flooded areas represent the treatment group, companies operating in areas where extreme precipitations didn't strike constitute the control group. The trend analysis of the main variables and the mean difference tests discussed above confirm that there are no reasons to suspect that differences in firms' performance after the natural disas-ter can be attributed to causes different from the flood. Therefore a difference in differences methodology can be implemented to estimate the impact of the flood on value added growth. The empirical estimation is based on the model below, in which value added growth is regressed on a constant, on capital (∆lAssets) and labor inputs (∆lemployees) growth 19 , on the first difference of the share of intangible assets (∆SIA), on the DID (DID) dummy, on time dummies (year08, year09, year10, year11 and year12), on the interaction of the DID dummy with the input factors, with the share of intangible assets and with the time dummies of interest.
∆lV A ijkt = β 0 + β 1 ∆lAssets ijkt + β 2 ∆lemployees ijkt + β 3 ∆SIA ijkt + β 4 year08 + β 5 year09 + β 6 year10 + β 7 year11 + β 8 year12 + β 9 DID jt 2011 + β 10 DID jt 2012
The subscripts denote a firm i, located in in area j, operating in industry k 20 at time t.
The share of intangible assets accounts for the production technology of the firms in the sample. As Crespo Cuaresma et al. (2008) first noticed, the magnitude of the impact of a natural disaster does not only depend on the intensity of the disaster per se, but also on the level of technology. Following Leiter et al. (2009) , we also introduced an interaction term between the DID dummy and the first difference of the share of intangible assets (SIA); this allows to control for different degrees of vulnerability. The idea is that tangible assets are potentially more exposed to physical destruction than intangible assets and thus firms can respond differently to the flood depending on their asset structure. The interaction term allows to assess this possibility. The time dummies are added to the model to control for general macroeconomic conditions in the country and business cycle trends, such as the financial and economic crisis after 2008, that might influence the estimation results. Starting from 2011, the year after the flood has occurred, the time dummies are interacted with the DID to analyze the effect of the flood separately for each year. Indeed, while the generic DID dummy would estimate the overall impact, the interaction of the treatment binary variable with the time dummies allows to identify the flood's effects one year and two years after the flood and see when a potential recovery starts. The DID dummy is also interacted with the capital and labor variables to check the possibility of a different contribution of the input factors to value added growth due to the flood. This is done separately for each year after the flood. In the estimation of the model we use cluster-robust standard errors 21 to take into account a possible within-cluster correlation that would invalidate the hypothesis testing. The reason is that we suspect a correlation among firms located in the same comune (municipality), which is due to the role played by financial aid after the flood. Indeed, after the declaration of a state of emergency in the Veneto region, two commissarial orders 22 established the municipalities eligible for aid for the emergency, reconstruction and recovery phase and determined the transfers to be allocated to each municipality, whose amount was established ad hoc 23 and varies among municipalities. This means that there is reason to suspect a correlation among firms belonging to the same municipality and suggests the comune as the most appropriate clustering level. The use of cluster-robust standard errors is the most used solution to account for group dependence: it is possible to calculate a variance-covariance matrix that controls both for heteroskedasticy and within-cluster correlation, and to perform correct hypothesis testing provided that the number of clusters is large. In our sample there are 403 municipalities, which allows us to use cluster-robust standard errors as a valid method to control for within group correlation.
Variables
All the monetary variables have been deflated using a GDP deflator and expressed with respect to 2005 prices as the base year. The GDP deflator has been obtained from the World Bank database. The DID estimator is represented by the interaction between a treatment and a time dummy. The treatment dummy equals one if a firm is located in an area where more than 208.4mm of rain fell during the observed period or more than 181.6mm 24 fell during the flooding days; it equals zero otherwise. The time dummy takes value one for the years 2011 and 2012 (post-flood period) and zero for the previous years (pre-flood period). Since the flood event occurred at the beginning of November and the graphical trend analysis of value added suggests that 2010 has been a productive year (Fig. 5) , it is likely that the biggest impact of the flood occurred in 2011 rather than in 2010. Therefore we only consider 2011 and 2012 as the after-flood period but not 2010, the year in which the flood occurred. The variables value added, assets, number of employees, tangible and intangible assets are transformed in logarithms before including them in the regression function. This operation requires some caution. Inspection of the data shows that Aida dataset contains some observations with negative value added, but this information doesn't seem to be very reliable, or informative, therefore we preferred to drop such observations. After this operation 441 observations are dropped. Furthermore there is a tiny group of observations (10) with zero value added. We augment each value of the remaining observations by one Euro before taking the log of value added. The resulting sample consists of 2065 firms. Another clarification is required for the number of employees. According to the Aida database's definition, the number of employees refers to the number of workers employed, whereas when only the entrepreneur is present, a value of zero is reported. In order not to lose precious information when taking the log of employees, we add one to each value corresponding to the number of employees. Finally, inspection of the data highlights the presence of some outliers when we look at the value added per employee. These extreme values do not seem to be the result of reporting er-rors in the dataset, but rather they appear to be due to misreporting of some companies in the sample. More specifically, for a small number of extremely large firms the reported number of employees is zero (one after our transformation), and this makes the value added per employee to skyrocket for these companies. This is true for every year and in particular in 2009. Outliers could distort our estimation results, therefore observations from the top 1% of the value added per employee's distribution are dropped. This operation eliminates 203 observations from the sample. A graphical check confirms that this adjustment is enough to eliminate outliers due to suspected misreporting. The final sample consists of a panel of 2065 firms observed between 2003 and 2012.
Results
The first column of Table 10 reports the estimated impact of the 2010 flood on firms' value added growth, according to the empirical model presented above (1). The results show that the flood has a positive and significant impact on value added growth. This effect is not experienced in the immediate aftermath of the event, but two years afterwards, whereas one year after the flood the tendency is negative although not statistically significant. In 2012 firms hit by the flood grow faster than unaffected companies: the estimation shows that these companies experience a value added growth that is 6.9% higher than the one of the control group. This also indicates that negative effects of the flood, if there are any, are short-lived and already in the second year after the flood there is a recovery for the firms located in flooded areas.
The asset structure has a significant impact on the value added growth of firms exposed to the flood. The estimation indicates that a positive change in the share of intangible assets is associated with a lower value added growth, but this result is overturned in the case of affected firms. In 2011, the year after the flood, a positive change in the share of intangible assets is expected to increase value added growth of treated companies. In 2012 the tendency is still positive but not statistically significant. The first and more direct explanation for the faster value added growth of affected firms can be found within a neoclassical growth theory framework: to the extent that the flood damaged or destroyed the capital stock of hit firms, the new capital adoption in the recovery phase leads to a higher growth. These results can also be interpreted according to models based on Schumpeterian creative destruction, in which the negative shock due to the flood might have provided opportunities to update the capital stock and adopt new technologies for those firms that suffered direct damages, thus leading to higher growth. This is in line with some macroeconomic results in the literature that find a positive impact of natural disaster on GDP growth (Skidmore & Toya, 2002; Crespo Cuaresma et al., 2008; Noy & Vu, 2010) . The faster value added growth experienced by the treated firms also raises a question related to the role of the financial aid received by companies that reported material and economic losses due to the flood. Indeed, these transfers could attenuate the economic losses suffered by firms located in flooded areas and help the recovery. In other words, if a firms receives financial aid, the capital upgrade and new technology adoption could be partially or completely paid Notes: the three estimated models also contain year-time dummies and interaction variables between treatment dummy (DID for model 1, DID and DID2 for model 2, G1, G2 G3 for mode 3), year-time dummies and the input variables (DlAssets and Dlempl). In model 3, G1 denotes firms that experienced extreme precipitations but didn't receive aids; G2 indicates firms that haven't been hit by extreme precipitations but received financial aid; G3 are firms hit by extreme precipitations that received financial aid after the flood; G4 is the reference group and denotes firms that haven't been hit by extreme precipitation and didn't receive aid flows. In each model cluster-robust standard errors are used; the cluster unit is comune.
with the aid received, so that the firm could be better off after the disaster and have better performance. An interesting question is therefore what would have been the pattern of the value added growth of affected firms after the disaster in the absence of aid flows. An indication comes from a recent paper from the Bank of Italy (Barone & Mocetti, 2014) , which adopts a macroeconomic approach to analyze the economic impacts of two earthquakes that occurred in Italy in 1976 and 1980. The authors show that in the absence of financial aid the GDP growth is estimated to be between 0.5% and 0.9% lower five years after the Friuli's earthquake and between 1.3% and 2.2% lower after the quake in Irpinia. However, the question of the contribution of financial aid to the recovery after a natural disaster needs further investigation.
The role of financial aid
In order to get an insight into the role of aid flows for the recovery of Veneto's firms, we exploit the information provided by the two commissarial orders 25 with which the Italian government and the local authorities established the municipalities eligible for aid and allocated financial aids for the emergency and recovery phases based on the damage reporting of municipalities, private firms and private citizens immediately after the flood.
To investigate this possibility we augmented the model (column 2 of percentile of the precipitations' distribution during the observed period and the three flooding days) and whether a firm is located in an area that received financial aid after the flood or not.
Although it hasn't been possible to identify the exact amount of aid flows that each company obtained, the two commissarial orders provide the complete list of municipalities that received financial transfers in the aftermath of the disaster 27 , part of which were devoted to the recovery of firms exposed to the flood. This information has been used to identify the companies that benefited from financial aid and a dummy variable has been added to the model to account for the aid effect. DID2 takes value one for all the companies located in municipalities that received aid, it is zero otherwise. Table 11 displays the number and the percentage of firms in the treatment and in the control group that received financial aid and those that didn't. As the table shows, two thirds of the firms exposed to extreme precipitations also received financial aid after the flood, a factor that could explain the non significance of DID2 in the second regression model, since the effect of the aid is also captured by the DID dummy for two thirds of the firms in the sample. The DID dummy denoting firms exposed to extreme precipitations remains significant and its magnitude doesn't change. Also, the assets structure maintains a positive and significant role in this second model specification, both for firms affected by extreme precipitations and for firms that received financial aid, although the effect is experienced in 2011 for the former group and in 2012 for the latter one. A likelihood ratio test confirms that controlling for aid flows yields to a significant improvement in the estimated model. In model 2 the dummy variables DID and DID2 identify two groups with overlapping observations. As it can be noticed in Table 11 , among firms hit by extreme precipitations, about two-thirds (67.75%) received financial aid in the aftermath of the disaster, but the rest (32.25%) didn't. In order to better explore the aid contribution to the faster growth of the firms exposed 25 Ordinanza Commissariale n.9 (17/12/2010) and Ordinanza Commissariale n.3 (21/01/2011). 26 The model also contains the interaction terms between the DID2 dummy, the year binary variables and the input factors.
27 The complete list of municipalities (comuni) declared eligible of financial aid after the flood is listed in the commissarial orders with which the Italian government and the local authorities established the aid floods for the hit areas. These are the Ordinanza Commissariale n.9 (17/12/2010) and Ordinanza Commissariale n.3 (21/01/2011). to the flood, we used the information provided by the above-mentioned commissarial orders to create four mutually exclusive and exhaustive groups of firms. The two types of treatment, that is whether a firm is located in an area hit by extreme precipitations or not and whether a firm benefited from financial aid after the flood or not, identify four groups: firms that experienced extreme precipitations but didn't receive aids (denoted as G1); firms that haven't been hit by extreme precipitations but received financial aid (G2); firms hit by extreme precipitations that received financial aid after the flood (G3) and firms that haven't been hit by extreme precipitation and didn't receive aid flows (G4). The number and the percentage of firms in each of the four groups are displayed in Table 11 . These groups are used to estimate a new model in which the distinction between the two treatments is made explicit, allowing to asses the effective role of aid for the recovery of affected companies and its possible additional effect. Column 3 of Table 10 reports the estimated impact of the 2010 flood on firms' value added growth according to the new model 28 . The result shows that the flood had a positive and significant impact on value added growth of both firms that received financial aid and companies that didn't. Consistently with the results of model 1 and 2, the positive effect is experienced in 2012, two years after the flood struck, whereas in 2011 the tendency is negative, with a more negative effect for firms that didn't receive any aid, but not statistically significant. In order to assess the role of financial aid to the recovery of hit firms, a comparison between G3 2012 and G1 2012 is instructive. The difference between these two estimated coefficients, indeed, represents the additional effect of the aid. In 2012 firms that have been exposed to the flood and received aid flows grow at a rate that is 7.5% higher than the one of the reference group of firms 29 , while firms hit by the flood that didn't benefit from the financial aid grow at a 5.5% higher that the reference group. This result indicates that, even without financial aid, firms are still able to recover and grow faster than unaffected companies, but that there is a 2% additional effect on growth that is due to the aid. However, we fail to reject the hypothesis that the estimated coefficient of the dummy denoting hit companies that benefited from aid flows (G3 2012) and the one of those that didn't (G1 2012) are statistically different. Finally, receiving free financial aid without having been exposed to the flood doesn't have any significant impact on the value added growth of this group of companies (G2). Both in 2011 and in 2012 the estimated coefficient of G2 is found to be not significant, nor important in magnitude. This analysis showed that the role of aid flows in the aftermath of natural disasters is an important factor to consider. Future research should include financial aid in the estimation of the economic impact of natural disasters, although acquiring information about national and international aid flows is often difficult. More research needs to be done in order to improve our knowledge of the true usefulness of emergency and recovery aid.
Conclusion
In this empirical analysis we estimated the impact of a major flood that hit the region of Veneto in 2010 on firms' performance up to two years after the event. Using information about geographical locations based on latitude and longitude, we matched each company in the region to the nearest weather station and distinguished between affected and non-affected firms on the basis of the quantity of precipitations received by each firm in the sample. Using firm level data and a difference in differences approach we compared the value added growth of the treatment group to the one of a control group of firms that haven't been hit by the flood. Our results indicate that the flood had a positive impact on the treated firms, whose value added growth was 6.9% higher two years after the flood struck. The estimation also shows that the positive impact was not experienced in the immediate aftermath of the disaster, but two years after the event.
We also found that the assets structure had a positive impact on the value added growth of firms exposed to the flood: a positive change in the share of intangible assets increased value added growth of treated companies. We further investigated the role of aid transfers after the flood for the faster growth of firms exposed to extreme precipitations. Using the information provided by the commissarial orders with which the Italian government established the municipalities eligible for emergency and recovery aid, we identified the firms that benefited from financial flows and constructed four mutually exclusive and exhaustive groups, which allowed us to distinguish between firms that received financial aid and those that didn't, both in the treatment and in the control group. Using again a difference in difference procedure, our results indicate that, among firms exposed to the flood, both the ones that benefited from financial aid and the ones that didn't grow faster than the reference group of firms that neither have been exposed to the flood, nor received financial aid. We also found that there is a 2% additional growth effect that is attributable to the contribution of aid in the recovery phase.
This analysis showed that possible negative effects of the flood were short-lived and already two years after the event the companies exposed to the flood experienced a recovery. Furthermore, the financial aid after the natural disaster contributed to this outcome, with an additional growth effect experienced by firms that benefited from aid flows. In this analysis we explicitly addressed the role of aid flows in the recovery phase after a natural disaster and answered the question of what would have been the pattern of the value added growth of affected firms after the disaster in the absence of aid flows in our study case. However, the role of national and international aid flows in the aftermath of natural catastrophes has been rarely addressed so far and it is in need of further investigation.
Robustness checks
The results of model 3 are robust to a change in the number of years considered, to the exclusion of 2010, the year of the flood, and to the estimation of the same model using OLS instead of fixed effects procedure. The estimated coefficient of the dummy denoting firms exposed to the flood that received financial aid (G3 2012) ranges between 7.3% and 9% in 2012. For companies affected by the flood that didn't benefit from financial aid, the estimated coefficient in 2012 (G1 2012) ranges between 5.5% and 6.9%. (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) . The three estimated models also contain year-time dummies and interaction variables between treatment dummy (G1, G2 G3), year-time dummies and the input variables (DlAssets and Dlempl). In the three models, G1 denotes firms that experienced extreme precipitations but didn't receive aids; G2 indicates firms that haven't been hit by extreme precipitations but received financial aid; G3 are firms hit by extreme precipitations that received financial aid after the flood; G4 is the reference group and denotes firms that haven't been hit by extreme precipitation and didn't receive aid flows. In each model cluster-robust standard errors are used; the cluster unit is comune. The figure shows the quantity of precipitation (in mm) registered by each weather station in the second flooding day. The 'mean by weather station' (green line) represents the average quantity of rainfall fallen on a raining day in October and November during the observed period (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) excluding 2010. The value has been calculated by taking an average between October and November for each weather station. The data are available only for 163 stations. The 'overall mean' (red line) represents an average of the quantity of precipitations on a raining day in October and November calculated as an average among 163 weather stations during the observed period excluding 2010. The data are available only for 163 weather stations. The average value has been extended to the remaining 30 stations. Source: graph made using data from ARPAV. The figure shows the quantity of precipitation (in mm) registered by each weather station in the last flooding day. The 'mean by weather station' (green line) represents the average quantity of rainfall fallen on a raining day in October and November during the observed period (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) excluding 2010. The value has been calculated by taking an average between October and November for each weather station. The data are available only for 163 stations. The 'overall mean' (red line) represents an average of the quantity of precipitations on a raining day in October and November calculated as an average among 163 weather stations during the observed period excluding 2010. The data are available only for 163 weather stations. The average value has been extended to the remaining 30 stations. Source: graph made using data from ARPAV. The figure shows the distribution of precipitations in the Region according to the location of the 193 weather stations in Veneto Region. The entire observation period (October 28 th − November 11 th ) is considered in this figure. Source: graph made using data from ARPAV.
The flood
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